Phosphorus (P) enrichment in soils has been documented in the Santa Fe River watershed (SFRW, 3585 km 2 ) in north-central Florida. Yet the environmental factors that control P distribution in soils across the landscape, with potential contribution to water quality impairment, are not well understood. The main goal of this study was to develop soil-landscape P models to support a "precision soil conservation" approach combining finescale (i.e., site-specific) and coarse-scale (i.e., watershed-extent) assessment of soil P. The specific objectives were to: (i) identify those environmental properties that impart the most control on the spatial distribution of soil Mehlich-1 extracted P (MP) in the SFRW; (ii) model the spatial patterns of soil MP using geostatistical methods; and (iii) assess model quality using independent validation samples. Soil MP data at 137 sites were fused with spatially explicit environmental covariates to develop soil MP prediction models using univariate (lognormal kriging, LNK) and multivariate methods (regression kriging, RK, and cokriging, CK). Incorporation of exhaustive environmental data into multivariate models (RK and CK) improved the prediction of soil MP in the SFRW compared with the univariate model (LNK), which relies solely on soil measurements. Among all tested environmental covariates, land use and vegetation related properties (topsoil) and geologic data (subsoil) showed the largest predictive power to build inferential models for soil MP. Findings from this study contribute to a better understanding of spatially explicit interactions between soil P and other environmental variables, facilitating improved land resource management while minimizing adverse risks to the environment.
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Soil Phosphorus Landscape Models for Precision Soil Conservation
Jinseok Hong, Sabine Grunwald,* Gustavo M. Vasques P hosphorus (P) is essential to plant growth and agricultural sustainability, but excessive P in agricultural soils can cause downstream eutrophication and groundwater pollution. Despite the variability of soil properties in space and time, farmers have treated land uniformly, applying fertilizers without considering their variation. This bears the risk of undertreated zones that do not reach optimum levels for crop production and overtreated zones that may cause environmental pollution. Phosphorus enrichment in soils and surface waters has been documented in the Santa Fe River watershed (SFRW), which is nested within the Suwannee River Basin, in northcentral Florida (Nair et al., 2004 ). Yet the environmental factors that control P enrichment in soil, contributing to water quality impairment, are not well understood. Previous studies have focused on topsoil (Needelman et al., 2001; Meals et al., 2008; Huang et al., 2013; Kistner et al., 2013) , leaving an important gap in the understanding of P behavior in the subsoil. Understanding the horizontal and vertical distributions of soil P is also needed to forecast P accretion and guide management of water quality in surface and groundwaters (Nasr et al., 2007; Kovacs et al., 2012) .
Environmental sustainability aims to balance the conservation of soil and water resources with the production of goods and services and required inputs (e.g., fertilizers and energy). Cordell et al. (2009) pointed out that modern agriculture is dependent on P derived from phosphate rock, which is a nonrenewable resource, and that current global reserves may be depleted in 50 to 100 yr. They suggested strictly reducing P applications in agriculture to sustain global food production.
In the southeastern United States, agricultural production is extensive on soils formed in P-rich geologic material, which has been mined locally but abandoned several decades ago due to environmental concerns. However, severe P enrichment in surface waters and wetland conservation areas (Bruland et al., 2006; Rivero et al., 2007) , watersheds (Hiscock et al., 2003; Sigua and Tweedale, 2003; Sigua et al., 2006) , and soils (Harris et al., 1996; Nair and Graetz, 2002; Nair et al., 2004) are evident in this region and have been attributed to fertilization, nonpointsource pollution, and land management, spawning extensive and costly conservation management programs enforcing the implementation of best management practices. Vasques et al. (2012a Vasques et al. ( , 2012b found that soil and hydrology form a complex interrelated system in Florida (southeastern United States) consisting of coarse-grained soils, near-level topography, a fluctuating water table relatively close to the surface, and high annual precipitation rates. This ecosystem has tightly coupled biogeochemical cycles that are very sensitive and respond rapidly to management, conservation practices, and human-induced disturbances. Specifically, soil P cycling is controlled by P inputs (e.g., from fertilization and bedrock) and P transformation (e.g., mineralization or immobilization) and transport processes, which are influenced by intrinsic and extrinsic factors including biota, land use and management, and geology. However, there is still a lack of evidence for which environmental factors impart the most control on soil P horizontally and vertically in this vulnerable ecosystem.
Proposing conservation management across large regions is limited by knowledge of the soil P spatial distribution patterns at a scale that matches their underlying variation. A comprehensive review of the spatial autocorrelation of soil P content revealed ranges smaller than 100 m (McBratney and Pringle, 1999) , suggesting that effective management requires relatively high precision at fine spatial resolution. A number of soil P assessments have been conducted at plot and field scales using precision agriculture approaches (Cambardella and Karlen, 1999; Mallarino et al., 1999; McBratney and Pringle, 1999) , but many studies have focused predominantly on the topsoil and less so on the subsoil (Needelman et al., 2001; Meals et al., 2008; Huang et al., 2013; Kistner et al., 2013) . This suggests that there is a profound research gap to quantify the spatial distribution of P within and across the critical vadose zone and identify the environmental factors that impart control on its occurrence. The vadose zone, specifically if macropores are dominant as is the case in sand-rich soils, create increased percolation rates that increase the potential risk of P enrichment in surface waters and the aquifer (Sawhrey and Starr, 1977) . These issues extend across escalating spatial scales-from field to regional to continental scales-and require research to direct decisions. Pierce and Nowak (1999) defined precision agriculture as "the application of technologies and principles to manage spatial and temporal variability associated with all aspects of agricultural production for the purpose of improving crop performance and environmental quality." Approaches combining technologies (e.g., global positioning systems, site-specific fertilization, and on-the-go soil sensors), geostatistics, and geospatial sciences have been extensively applied to achieve the economic, environmental, and social benefits of precision agriculture (Bongiovanni and Lowenberg-Deboer, 2004; McBratney et al., 2005; Torbett et al., 2007) . However, these approaches have been mainly applied at the field scale (<1 km 2 ) at fine spatial resolution (i.e., pixel size <30 m) to capture the fine-scale variability of soil properties to guide crop management and optimize nutrient applications. Yet environmental problems such as P enrichment in the pedo-and hydrosphere within watersheds are found at the regional scale (10 to 10,000 km 2 ), where spatially explicit soil P information is usually limited or unavailable. This knowledge gap motivated this research to develop P geospatial models that combine fine-scale precision, derived from site-specific point and pixel data, and coarse-scale regional or watershed extent to support watershedscale "precision soil conservation" plans by providing up-to-date, spatially explicit, detailed soil P information.
The first hypothesis for this investigation was that land use, soil drainage class, and soil taxonomic order all influence soil P content and horizontal distribution in the topsoil, whereas parent material, represented by geologic units, controls soil P content and horizontal distribution in the subsoil. We aimed to find correlations that we could interpret and link back to human intervention (e.g., through land management) in the topsoil or to the parent (original) material that contains P at the bottom layer closest to the bedrock. This hypothesis was tested using analysis of variance.
The second hypothesis stated that the quality of soil P predictions improves by adding to the model one or more auxiliary variables (i.e., environmental covariates) explaining part of soil P's variation. Inclusion of auxiliary variables was done either through a global trend linear component using them as predictors (as in regression kriging, RK), or through a spatial cross-correlated component using them as covariates for spatial interpolation (as in cokriging, CK). It assumes that the spatial distribution of soil P is influenced by one or more environmental drivers (factors) whose variation(s) need to be accounted for in the spatial prediction model, and thus adding these factors into the model improves soil P predictions relative to interpolating soil P observations alone (as in lognormal kriging, LNK). This hypothesis was tested by comparing prediction models with (RK and CK) and without auxiliary variables (LNK).
This study combined a regional (watershed) assessment of the horizontal spatial distribution of soil P with a vertical assessment of the soil P distribution across four depth intervals to improve our understanding of the intrinsic (i.e., soil) and extrinsic (i.e., environmental) factors that control soil P at the watershed scale in the southeastern United States. The specific objectives were to: (i) assess the spatial distribution of Mehlich-1 extracted soil P (MP) concentrations at four depths (0-30, 30-60, 60-120, and 120-180 cm) , (ii) identify the strongest soil-environmental drivers of soil MP, (iii) compare univariate (LNK) and multivariate (RK and CK) methods to predict the spatial patterns of soil MP, and (iv) validate the soil MP predictions using an independent validation set.
Materials and Methods

Study Area
The Santa Fe River watershed (SFRW) (Fig. 1) (NRCS, 2006) . The soil textural classes are predominantly sand (88.2%), followed by muck (8.9%) and clay (0.8%). About 64.6% of the soils are classified as poorly drained and mainly occupy the eastern part of the watershed, while well drained (22.9%) and excessively drained soils (10.5%) are prominent in the western part. Elevations fall in the range of 1.5 to 91 m asl (USGS, 1999 ). An escarpment called the Cody Scarp divides the watershed into an area of uplands (elevations >40 m) to the east and lowlands (elevations <20 m) to the west. Phosphorus-rich parent materials from the Coosawhatchie Formation are exposed in areas along the Cody Scarp, fostering the formation of P-rich soils . The slope gradient ranges from level to gently sloping and undulating (0-5%) in most of the watershed, except for moderate to deep slopes (5-29%) along the Cody Scarp. The climate is humid subtropical, with mean annual precipitation of 1224 mm and mean annual temperature of 20.5°C, based on seven monitoring stations within the watershed (National Climatic Data Center, 2008) . 
Soil Sampling and Laboratory Analysis
To characterize the spatial variation of soil MP, a stratified random sampling design was used to select observation sites in the SFRW. The strata consisted of combinations of land use and soil order (i.e., land use-soil order complexes). A total of 137 sampling sites were visited in the watershed. At each site, samples were collected from four layers (L1 at 0-30 cm; L2 at 30-60 cm; L3 at 60-120 cm; and L4 at 120-180 cm). Due to field conditions (e.g., a high water table during the rainy season), the actual number of samples collected in each layer was 137 (L1), 137 (L2), 135 (L3), and 131 (L4), with a minimum distance of 69 m and average distance of 1782 m between samples.
The measurement of MP concentrations was conducted by the method described by Murphy and Riley (1962) , which uses the Mehlich-1 extractant.
Ancillary Spatial Environmental Data
Various data were used to model spatial trends and identify relationships between soil MP and environmental variables in the SFRW (Table 1 ). The data derived as GIS layers were attained from various agencies (e.g., USGS, NRCS, and Florida Fish and Wildlife Conservation Commission) and included soil, climate, land use-land cover, satellite-derived variables, topography, and geologic data. The environmental variables were harmonized (vector to raster conversion) using the majority criterion for categorical and weighted average for continuous variables, with 30-m spatial resolution to match the spatial resolution of the available raster layers (Table 1) .
All topographic variables were derived from a 30-m spatial resolution digital elevation model from the National Elevation Dataset (USGS, 1999) . Three vegetation indices were calculated based on six bands of the Landsat Enhanced Thematic Mapper Plus (ETM+; Bands 1-5 and 7). The normalized difference vegetation index (NDVI) was derived according to (Rouse et al., 1974) :
where NIR is the near infrared band and R is the red band of the Landsat ETM+. Complementarily, 3-by 3-pixel moving windows were used to derive focal variables representing the "average values within the neighborhood" of selected environmental variables (Table 1 ). All geospatial procedures were implemented in ArcGIS 10.0 (ESRI).
Comparison of Soil Phosphorus among Layers and Environmental Factors
The laboratory soil MP values were converted to natural logarithms (LNMP) to approximate a normal distribution and allow MP comparisons among layers and environmental factors. Pearson's product moment correlations (r) were calculated for LNMP to analyze correlations among different layers (L1-LNMP-L4-LNMP), and the Wilcoxon signed-ranks test for paired samples was conducted to compare their medians (Wilcoxon, 1945) . The equality of variances in LNMP among layers and environmental factors was examined by Levene's test (Levene, 1960) to check the assumption of homogeneous variance.
Four categorical environmental variables were tested as potential factors influencing soil P variation. At L1, LNMP was compared among land uses-land covers, soil drainage classes, and soil orders. At L4, LNMP was compared among geologic units. One-way analysis of variance (ANOVA) and Tukey's honestly significant difference test were used in the case of equal variance among groups (Levene's test p value > 0.05). In the case of unequal group variances, one-way Welch's ANOVA was used if the number of samples in each group was >10, and BrownForsythe's ANOVA was used if the number of samples in each group was <10 (Myers and Well, 2003; Vasques et al., 2010) , followed by Dunnett's T3 test (Dunnett, 1980) .
Geostatistical Modeling of Soil Phosphorus
The total data set for each layer was randomly divided into two groups: a calibration set (about 70% of the samples) used for model development and a validation set (about 30%) used for independent validation of the derived models and maps (compare below). Using the calibration set, one univariate method (ordinary kriging, OK) and two multivariate methods (regression kriging, RK, and cokriging, CK) were used to model the spatial distributions of MP in the four layers independently across the SFRW. Ordinary kriging was implemented on log-transformed MP; thus, we adopted the term lognormal kriging (LNK) as suggested by Webster and Oliver (2007) . Lognormal kriging is suitable for data sets with positively skewed data distributions to approximate a normal distribution and stabilize variances. After interpolation, the predicted LNMP (log mg g −1 ) were back-transformed to the original units (mg g −1 ) based on the formula suggested by Webster and Oliver (2007) .
Regression kriging was implemented considering three components of spatial variation (Webster and Oliver, 2007) : (i) a global trend, or deterministic, component; (ii) a stochastic component comprised of spatially dependent residuals from the global trend; and (iii) a random variation, or noise, component comprised of spatially independent residuals. The global trend component was modeled in SPSS 15.0 (IBM Corp.) using stepwise multiple linear regression (SMLR) of LNMP as a function of the environmental variables listed in Table 1 . At each step, a variable was included or excluded from the model considering the significance level of 0.05. Categorical variables (e.g., land use-land cover) were converted into dummy variables (e.g., 1 as agriculture, 0 as not agriculture) for use in SMLR. The coefficient of each selected predictor in the SMLR model indicates the sign and magnitude of the effect of the predictor on LNMP in the different layers, given other predictors. The adjusted coefficient of determination (R 2 ), mean error (ME)
and root mean square error (RMSE)
where y i are the measured values, ˆi y are the predicted values; n is the number of measured or predicted values, with i = 1, 2, …, n, were used to assess the fit, bias, and accuracy of the model calibration, respectively. Semivariograms and spatial autocorrelation structures were derived for LNMP (in LNK) and SMLR residuals (in RK) for each layer using a spherical model in Isatis 8.02 (Geovariances). In LNK, soil MP maps were derived for each layer by interpolating LNMP with weights derived from the semivariograms. In RK, the SMLR (global trend) residuals were interpolated by OK and then added back to the predictions derived from SMLR to produce the soil MP maps (Odeh et al., 1995; Vasques et al., 2010) .
Cokriging is indicated when a sparsely measured target (primary) variable is spatially cross-correlated with a denser ancillary (secondary) variable (Goovaerts, 1997 (Goovaerts, , 2000 Rivero et al., 2009) . The cross-correlated spatial dependence structure of the secondary variable aids in the interpolation of the primary variable. Collocated CK was applied to map LNMP using as secondary variables the depth to water table (DWT) for L1 and L2 and the mean slope gradient within a 3-by 3-pixel neighborhood (SLOPCME33) for L3 and L4. These variables showed the strongest correlation to soil LNMP at these layers, respectively. The estimates of LNMP derived from LNK, RK, and CK were made with a spatial resolution of 30 m, and all were back-transformed to original MP units.
Model Validation
Using the validation set, error statistics (based on differences between the measured and predicted values) were calculated to compare the quality of predictions by the different geostatistical methods. These included the ME, RMSE, and residual prediction deviation (RPD; Williams, 1987) :
where RMSE val is the root mean square error for the validation set and SD val is the standard deviation of the validation set. The ME indicates whether the model is, on average, overestimating or underestimating soil MP and the RMSE indicates if MP predictions are close to the observed values. Thus, the ME should be close to 0 if the model is unbiased, and the RMSE should be as small as possible for accurate predictions (Elbir, 2003; Verfaillie et al., 2006; Mishra et al., 2010) . The RPD indicates model robustness or generalization capacity. The best method at each layer was the one that minimized the RMSE of validation and maximized the RPD.
Results and Discussion
Vertical Distribution of Soil Phosphorus
Overall, soil MP showed a positively skewed lognormal frequency distribution for all layers (Table 2) . Mean LNMP continuously decreased with depth (L1 > L2 > L3 > L4). For all four layers, the mean LNMP was greater than the median LNMP because of a few samples with very high MP that caused inflation of the mean. Soil LNMP was significantly correlated among all layers at the 0.05 significance level, with adjacent layers (i.e., L1-L2, L2-L3, and L3-L4) showing higher correlations (0.80, 0.72, and 0.81, respectively) than nonadjacent ones (Table 3 ). These Table 2 ).
findings were expected because parent material (bottom-up) and management (top-down) combined with pedogenic processes lead to vertical P stratification in soils. They may also indicate the presence of vertical translocation processes fostered by the soils' coarse-grained structure with many macropores in the SFRW. The MP median differences among layers and results from the Wilcoxon signed-ranks test confirmed these trends (Table 3) (Osmond et al., 2012) . Several of the studies reported Mehlich-3 P values around 20 mg kg −1 (Langdale et al., 1985; Berg et al., 1988) that are close to the mean MP values measured in our study (e.g., 23.9 mg kg −1 in L1). Mehlich-1 extracted P values in surface soils (0-15 cm) showed a wide range (1-1100 mg kg −1 ) on clay-and silt-rich soils in three physiographic regions in Virginia. In that study, the median MP values were 244 mg kg −1 (Ridge and Valley), 85 mg kg −1 (Piedmont), and 111 mg kg −1 (Coastal Plain) (Beck et al., 2004) . High-cattle-density areas of active and abandoned dairies had mean total P (TP) concentrations in the surface horizon (A) of 2500 and 750 mg kg −1 , respectively, compared with 30 mg kg −1 in the native area, i.e., an area largely unimpacted by animals and humans in a study conducted on Florida Spodosols (Graetz et al., 1999) . Finally, in a study in the Okeechobee Basin (Florida) focused on dairy and beef cattle sites, it was found that in the A horizon mean TP concentrations were 1680, 165, and 34 kg ha −1 for high-, low-, and no-impact areas, respectively. The same trend, although at lower concentrations, was evident in the E, Bh, and Bw horizons. The quantity of P considered to be potentially mobile under leaching conditions (water-soluble , Mehlich-1 extractable, or NH 4 Cl extractable P) also followed trends similar to those of the TP concentrations (Graetz and Nair, 1995) .
Correlations between Soil Phosphorus and Environmental Variables
According to Levene's test, LNMP in L1 had homogenous variances among land uses (p = 0.582), and soil orders (p = 0.395) and non-homogeneous variances among soil drainage classes (p = 0.008). In L4, LNMP had non-homogeneous variances among geologic units (p = 0.017) ( Table 4) .
In L1, among land uses, the highest mean LNMP was observed for agriculture (3.47 log e mg g −1 ) and decreased in the following order: improved pasture > upland forest > urban > rangeland > pineland > wetland (Table 4 ). The mean LNMP values for agriculture and improved pasture were significantly higher than the mean LNMP values for pineland and wetland at the 0.05 significance level. These findings are consistent with the literature and show the influence of land use-land cover on soil P. Mander et al. (1998) found that crop-cultivated land and improved pasture had significantly higher P than other lands. This enhanced P content can result from the addition of nutrients and organic matter through application of mineral and/or organic fertilizers and deposition of plant debris. Organic matter has been reported to enhance water-holding capacity and prevent nutrient leaching, improving the structure and nutrient status of the soil (Mafongoya et al., 2004; Fageria et al., 2005) . It influences P content directly through the addition of organic P and indirectly through regulation of P cycling. Similar outcomes were also found by Kim et al. (2006) , who investigated P accumulation in surface soils related to land use conditions in Busan, South Korea. They collected 128 soil samples from various land uses such as forest, paddy fields, orchards, upland agricultural fields, and residential areas and found higher P contents in agricultural soils (530.5 mg kg −1 in upland fields, 359.3 mg kg −1 in orchards, and 210.2 mg kg −1 in paddy fields), which was attributed to P inputs from chemical and organic fertilizers in these cultivated lands. Several studies have estimated and modeled P loadings to show P dynamics and budget in . Caccia and Boyer (2007) evaluated P loadings into Biscayne Bay for 8 yr from canal, atmospheric, and groundwater sources, and Rivero et al. (2007) found that TP in the topsoil in a large wetland in South Florida ranged from about 150 to >1800 mg kg −1 and suggested that TP values >400 to 500 mg kg −1 be considered as elevated.
At the watershed scale, Vaithiyanathan and Correll (1992) found that the amount of P lost to the stream from an agricultural watershed (2.41 kg ha −1 yr −1 ) was eight times higher than that from a forested watershed (0.30 kg ha −1 yr −1 ) in the Rhode River basin in Maryland. As another example, White and Hammond (2006) reported that, of the 31.3 Gg yr −1 of P loads to the river basin districts of the United Kingdom, 5.8 Gg yr −1 (18.6%) were attributed to agriculture (improved grassland, field horticulture, livestock, etc.) and about 2.7 Gg yr −1 (9%) were attributed to forested vegetation (orchards, woodlands, and forests).
Among soil drainage classes, mean LNMP concentrations in L1 decreased in the following order: well drained > moderately well drained > somewhat poorly drained > excessively drained > poorly drained > very poorly drained (Table 4) . Mean LNMP in the well drained class was significantly higher than in the poorly drained and very poorly drained classes, while other classes showed no significant differences. Two possible explanations for these patterns can be offered. One is that soil drainage could influence soil P through altering the mineralization of organic matter. The release of inorganic P from organic P is controlled by microorganisms, whose activity can be suppressed by O 2 -deficient conditions in poorly drained soil. The other explanation is that soil drainage can affect soil P through altering the crystallinity of Fe oxides in soil. Iron oxides with reduced crystallinity were observed in poorly drained soils (Khalid et al., 1977; Kuo and Mikkelsen, 1979) , which could entrap inorganic P, making it less extractable by the Mehlich-1 solution. Kuo and Baker (1982) examined the influence of soil drainage class on the amount of extractable P in long-term manure-amended soils in the state of Washington. They observed more extractable P in the near-surface layers (0-30 cm) in well drained than in poorly drained soils. Among soil orders, the highest mean LNMP was found in Ultisols, followed by Entisols, other soils (Inceptisols, Histosols, and Alfisols), and Spodosols (Table 4 ). The mean LNMP in Ultisols was significantly higher than the mean LNMP in Spodosols, while no other significant differences were found among the soil orders. Ultisols intersected widely with agriculture and improved pasture throughout the SFRW, explaining the relatively high soil LNMP values in Ultisols. The mean LNMP for agriculture (3.47 log mg g −1 ) and improved pasture (3.46 log mg g −1 ) were much higher than the mean LNMP for Ultisols (2.19 log mg g −1 ) because other land uses also occur on Ultisols. Another related trend was observed between Spodosols and soil drainage classes. In Florida, Spodosols typically occur in areas with poor to very poor drainage (Nair et al., 2004) . Thus, low LNMP in Spodosols relates to low LNMP of poorly and very poorly drained soils (Table 4) . Finally, sandy soils can potentially have low P due to the low specific surface and thus largely chemically unreactive nature of sand-sized particles relative to clays (White, 2006) . However, this trend was masked by other factors (e.g., land use and geology) because Entisols (mostly Quartzipsamments) had higher P than less sandy soils.
Parent material plays a fundamental role in soil formation, determining the physical, chemical, and biological properties of soils. In the SFRW, the LNMP in L4 was highest, according to Dunnett's T3, in the Coosawhatchie Formation (2.80 log mg g −1 ) and decreased in the order Ocala Limestone, other geology (Beach Ridge and Dunes, Cypresshead Formation, Hawthorn Group, Statenville Formation, and Trail Ridge Sands), undifferentiated geology, and undifferentiated sediments. The Coosawhatchie Formation had significantly higher mean LNMP than the undifferentiated geology and undifferentiated sediments classifications, but no significant differences were found between Ocala Limestone and the other geology classification. This can be explained by the fact that the Coosawhatchie Formation consists of mainly phosphatic sand and clay and phosphatic limestone, which is relatively rich in P compared with other geologic units (Scott, 1988; Dufresne and Drake, 1999) . Moreover, it occurs in a less stable relief (steeper slopes), which is more susceptible to erosion, bringing the sampled layer closer to the bedrock, which contains P. These results emphasize the importance of the parent material to control P in deeper soil layers that are closer to, and sometimes reach, the bedrock. Together, all these results confirm the first hypothesis that soil P is influenced by land use, soil drainage class, and soil taxonomic order in the topsoil and by parent material in the subsoil. In the case of land use, the significant effect found by the ANOVA can be interpreted in the opposite direction, i.e., the choice of land use may be influenced by the P content in the soil (e.g., for agricultural use). Similarly, the soil taxonomic order, which summarizes many soil characteristics, can dictate P management, but the opposite cause-and-effect relationship also occurs because soil P affects soil formation and classification.
Geostatistical Modeling of Soil Phosphorus and Model Validation
The global trend models derived by SMLR using the calibration data explained 66, 58, 52, and 68% of the variance of LNMP in L1, L2, L3, and L4, respectively (Table 5) . Some of the categorical environmental variables previously used in the ANOVAs (Table 4) were confirmed as important predictors in the SMLR models (Table 5) . For example, some of the highest standardized coefficients for L1 belonged to wetland and agriculture (not shown). For L4, the highest standardized coefficient belonged to the Miocene geologic epoch, which is the epoch attributed to the formation of Florida's phosphate deposits (Lane, 1994) . This supports the first hypothesis that soil MP is controlled by land use in the topsoil and by parent material in the subsoil. The SMLR equations showed that land use affects soil MP also in L2, and parent material (i.e., geologic units) influences MP in all layers.
Landsat ETM+ bands and vegetation indices were selected only for the top two layers, which enforces the idea that biotic (vegetation) properties influence MP only at the surface, e.g., through P cycling in the root zone, but is also related to the fact that passive satellites have minor penetration capabilities into the surface soil (approximately the top centimeters). Specifically, selection of the 3-by 3-pixel-window mean blue (B1ME33) and green band values (B2ME33) for L1 and mean infrared-red difference (IR-RME33) for L2 indicates that a correlation exists between soil MP and vegetation as perceived by its reflectance characteristics. The higher the B2ME33 and IR-RME33 values, the healthier or denser the vegetation because it usually reflects light in the green and infrared and absorbs in the red wavelength (Lillesand et al., 2008) . Because soil MP supports vegetation growth and health, these variables received positive coefficients. The negative coefficient of B1ME33 for L1 may compensate for the positive B2ME33 coefficient. In addition, for L1, soil MP is positively correlated to B2ME33 but negatively correlated to B1ME33. The selection of "wetland" and "agriculture" for L2 shows that the influences of land use on the spatial distribution of MP extend to the second layer; however, no land use variables were selected for L3 and L4.
The variable "east-facing slope" (slope aspect class) for L3 could be a sign of higher solar insulation stimulating vegetation growth and leading to the accumulation of organic matter and higher MP concentrations in the soil. Soil texture and soil drainage regimes influenced MP in the deeper layers in association with the parent material. In turn, the parent material influenced MP in all layers, showing positive coefficients for P-rich geologic settings (i.e., parent material from the Miocene epoch) and negative ones for relatively P-poor geology (i.e., parent material from the Pliocene or Pleistocene epochs; Table 5 ). In effect, as discussed above, during the Miocene epoch phosphate deposition occurred in Table 5 . Global trend stepwise multiple linear regression models of log e -transformed Mehlich-1 extracted P (LNMP; log e mg g , DN) ; B2ME33, mean value of Band 2 (green) derived from Landsat ETM+ within a 3-by 3-pixel moving window (DN); CLAYPCT, soil clay content (%); DWT, depth to water table (cm); MIO, parent material from the Miocene epoch; IR-RME33, mean infrared-red difference derived from Landsat ETM+ within a 3-by 3-pixel moving window; MWWDRAIN, moderately well or well drained soil; OCALA, Ocala Limestone geologic unit; PHYSHIGH, Highlands, Uplands, and Ridges physiographic division; PLEISTO, parent material from the Pleistocene epoch; PLIO, parent material from the Pliocene epoch; SILTPCT, soil silt content (%); SLOPCME33, mean slope within a 3-by 3-pixel moving window (%); ULT, Ultisol soil order; WET, wetland land use.
Florida, forming the large phosphate deposits that are mined today (Lane, 1994) . It is worth mentioning that 41 out of the 48 observations over parent material from the Miocene epoch are located in the Coosawhatchie Formation. Moreover, a Pearson's chi-square test for independence among categorical variables (Agresti, 2007) confirmed that geologic unit and geologic epoch are not independent at the 0.05 significance level. Therefore, these results corroborate the ANOVA results presented above.
Interestingly, all regression equations included variables that were related to soil drainage or hydrologic conditions: DWT and wetland for L1 and L2; and moderately well or well drained soil for L3 and L4. The environmental variables most highly correlated with LNMP were DWT for L1 (Spearman correlation coefficient, s = 0.45) and L2 (s = 0.47) and SLOPCME33 for L3 (s = 0.40) and L4 (s = 0.42). Therefore, those were selected as secondary variables in the CK models. Both DWT and SLOPCME33 confirm the interconnectivity between water dynamics and soil P. A deeper DWT and steeper SLOPCME33 foster relatively drier soil conditions, which favor decomposition of organic matter and P mineralization. As discussed above, there is a probable association between steeper slopes and the Coosawhatchie Formation along the Cody Scarp, where erosional processes put the subsoil in closer contact with the P-rich bedrock.
The semivariograms that describe the spatial structure of LNMP in the four layers are presented in Fig. 3 , and their parameters summarized in Table 6 , for both original LNMP and LNMP residuals from the SMLR. The semivariogram ranges of LNMP varied from 10,897 m for L1 to 36,883 m for L4, while those of the LNMP residuals from the SMLR varied from 1735 m for L1 to 18,785 m for L4. The semivariogram ranges of the LNMP model residuals were much shorter than those of the original LNMP observations for all layers (Table 6 ). The spatial continuity (i.e., nugget/sill ratio) of the SMLR residuals relative to the original LNMP values was stronger for L1 (14.3%) and L2 (8.1%) and weaker for L3 (49.2%) and L4 (82.2%). With results similar to this study, Rivero et al. (2007) compared the performance of univariate (OK) and multivariate methods (RK and CK) to predict the spatial distribution of total P (TP) in floc (i.e., detritus material) and soil in the Florida Everglades. They showed that the spatial ranges of soil TP model residuals were shorter than those of the original soil TP values.
The sill variances at each layer became smaller (i.e., from 4.68 to 1.62 at L1, from 4.98 to 3.07 at L2, from 5.71 to 4.64 at L3, and from 6.70 to 4.66 at L4) after accounting for the global trend from SMLR compared with the original sill variances used in LNK (Table 6 ). As expected, this indicates that the global trend SMLR models explained a portion of the variance in LNMP, leaving some variance as the stochastic component to be accounted for by kriging the residuals. This is consistent with findings outlined by Grunwald and Reddy (2008) . The nugget variances of LNMP were substantially smaller in the SMLR residuals than the original LNMP values for L1 and L2, while they became larger for L3 and L4 (Table 6) . Rivero et al. (2007) also observed a decrease in the nugget variance of topsoil TP from 0.0185 to 0.0059 log mg kg −1 explaining the global trend using Landsat ETM+, and from 0.0185 to 0.0020 log mg kg −1 explaining the global trend using Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) ancillary data.
The larger nugget effect from the LNMP residuals for L3 and L4 suggests that the global trend models explained some of the long-range LNMP variation but did little about capturing its short-range variation. Comparatively, the secondary variable in CK helped to explain the short-range variation in soil LNMP in all layers, reducing the nugget effect (not shown).
Error statistics calculated for both calibration and validation sets are presented in Table 7 . Values of ME were quite different from zero for most LNK and CK models. Back-transformation from logarithmic to original units was the probable cause of this bias. Back-transformation may also have inflated the RMSEs of LNK and CK at all layers. Multivariate methods (RK and CK) outperformed the univariate method (LNK) based on the RMSE and RPD. This indicates that the predictions of LNMP in the SFRW were improved by incorporating the spatial covariation (or cross-correlation) between LNMP and auxiliary environmental variables, thus confirming the second hypothesis. This is consistent with the findings of Rivero et al. (2007) , who also compared OK, CK, and RK to predict the spatial distribution of TP in floc and soil in Florida, and Triantafilis et al. (2001) , who compared OK, CK, and RK to predict soil salinity in the Namoi Valley, Australia. Both studies found that CK and RK outperformed OK and attributed these results to the strong correlations between the target soil properties and selected soil-environmental auxiliary variables.
The final prediction maps of (back-transformed) soil MP in the four layers are presented in Fig. 4 . All maps were derived by RK using SMLR to model the global trend, which was the best method for all layers based on validation RMSE and RPD (Table 7) . The spatial distribution of MP reflected the patterns of environmental predictors in the SMLR models in each layer. For example, higher MP was found where the following mixture of environmental conditions occurred, among other factors (see Table 5 ): (i) agricultural use, Ultisols, and high DWT at L1; (ii) agricultural use, high DWT, and high Landsat ETM+ infrared-red difference (vegetation index) at L2; (iii) high SLOPCME33, east-facing slope, and moderately well or well drained soil at L3; and (iv) Miocene epoch, high soil silt content, high SLOPCME33, and moderately well or well drained soil at L4. In addition to the global trend, a residual stochastic spatial trend appeared in the final map at each layer corresponding to the SMLR residuals interpolated by OK. High soil P contents are of higher concern close to water bodies. In a buffer of 1 km around the Santa Fe River, mean MP values were 15.8, 9.7, 3.9, and 3.9 mg g −1 in L1, L2, L3, and L4, respectively. It is critical to note that some factors that relate to soil MP are determined by or can be influenced by human decisions (e.g., land use and management, vegetation, drainage, and notably the excessive use of P fertilizers), while others are due to naturally occurring conditions (e.g., P-rich geology and parent material). Soils play a mediating role in P dynamics. On the one hand, they are formed over long periods of time based on soil-forming factors (McBratney et al., 2003; Grunwald et al., 2011) and cannot be changed rapidly. This resilience can have a buffering effect, stabilizing P dynamics in the long term. In effect, P moves very slowly relative to other nutrients in the soil and can be stabilized by Fe and Al oxides under the appropriate circumstances, thus fostering the maintenance of P in soil formed from P-rich rocks. On the other hand, soils can act in the short term by regulating P mineralization and immobilization (through soil biota) and by influencing or controlling water and nutrient dynamics, land use productivity, and more. Hence, conservation and mitigation efforts need to focus on land use and management practices, considering the intrinsic characteristics of soils and interrelated hydrology, topography, and geology.
This study not only mapped the vertical and horizontal spatial distribution of soil P across the watershed but also quantified the combinations of soil-environmental factors that explain its variation. Profound benefits can be derived from the spatially explicit soil P models that allow targeting of management activities across the region with great detail, enhancing conservation programs and ordinances aiming to mitigate the impact of soil P on water resources. For example, at the county level in Florida, the Alachua County Fertilizer Code (Ordinance 09-06) has been adopted since 2009 and prohibits fertilizer application if rainfall is ³50 mm in a 24-h period or within 3 m of any surface water body, among other regulations (Alachua County Environmental Protection Department, 2009). The numeric nutrient criterion for TP for freshwater streams in the SFRW region is 0.30 mg L −1 according to the Florida Administrative Code (fac 62-302.351(2)(c)2). Such ordinances and conservation programs use pragmatic approaches for protection of ecosystems, watersheds, and regions. Geospatial landscape models, such as those developed in this study, have the capability to enhance existing conservation approaches. Precision agriculture has embraced spatially explicit techniques aiming to optimize management and enhance crop productivity. As applied in this study, a "precision soil conservation" approach at the regional scale based on spatially explicit models allows targeting specific pixel locations to optimize land use and management based on site-specific soil and environmental conditions. The aim of a soil P "precision conservation" approach could be to adapt and mitigate those factors that contribute to elevated P in soils (and subsequently in water) and reduce adverse impacts on the environment in "hot-spot" areas (i.e., in those pixel locations that already show elevated soil P values). Sharpley et al. (1994) pointed out several options in support of environmentally and economically sound P management, specifically manure management, in the context of soil vulnerability and P-source management. This and other conservation strategies can be enhanced by precise locationspecific soil P information. 
Conclusions
This study produced a spatially explicit assessment of soil MP across a large subtropical watershed in Florida. The final soil MP models and maps provide guidance for "precision soil conservation" management at the watershed level. The multivariate methods (RK and CK) outperformed the univariate method (LNK) to infer soil MP. They benefit from, and ultimately portray, the variation in auxiliary environmental variables selected by the global trend soil MP models. Thus, information on these variables is also important for decision makers to interpret soil MP spatial trends. The global trend models derived by SMLR showed that land use and vegetation related properties are the key factors controlling the variation in MP in the top layer (L1), while parent material controlled MP specifically at the deepest layer (L4). The soil-landscape MP models developed in this study can be adapted to include other critical soil properties impacting ecosystems, contributing spatially explicit information and interpretation of soil patterns for future studies and programs. Ancillary environmental data combined with sparse soil observations provide an affordable approach to build "precision soil-landscape models" that characterize the variation in soil properties and provide information to improve soil conservation and reduce the risk of degrading vulnerable agroecosystems.
